ABSTRACT Whole heart segmentation is an important medical imaging method used to enable clinical applications. However, automatic segmentation of the heart is still a challenging task due to the complexity and particularity of medical images, especially when the heart is segmented into substructures. In this study, we present a training strategy that relies on a two-stage U-Net framework and an adaptive threshold window to automatically segment a whole heart and its substructures. The two-stage U-Net framework consists of a region of interest (ROI) detection of the whole heart and accurate segmentation of the heart substructures. The adaptive threshold window method is used to remove the noisy parts of the data while preserving the anatomical relationships between local regions. Experiments were performed on a dataset from the MM-WHS Challenge 2017. The proposed approach resulted in a high segmentation accuracy with a 79.3% and 95.5% Dice similarity coefficient for the whole heart and ascending aorta segmentation, respectively, using limited GPU computing resources and small amounts of annotated data. The full implementation and configuration files in this paper are available at https://github.com/liut969/Whole-Heart-Segmentation.
I. INTRODUCTION
In recent years, increasing numbers of people are dying from cardiovascular diseases (CVDs). Noninvasive cardiac imaging assessments, such as computed tomography (CT) and magnetic resonance imaging (MRI), that provide a clear anatomy of the heart, have been used extensively in diagnoses of heart disorders. Unfortunately, trained physicians capable of analyzing medical data are not readily available, and the quantity of medical data requiring analysis has increased exponentially. As [1] illustrates, the growth rate of trained radiologists is half of the growth rate of medical images.
Whole heart image segmentation is an essential step for a wide range of clinical applications, such as pathology localizations, and accurate ventricular measurements. However, segmenting an entire heart from medical images is challenging due to the shape variations of the cardiac anatomy
The associate editor coordinating the review of this manuscript and approving it for publication was Yudong Zhang. and the indistinct boundaries between substructures [34] . Whole heart segmentation contains seven substructures of the heart: (1) LV: the left ventricle blood cavity; (2) Myo: the myocardium of the left ventricle; (3) RV: the right ventricle blood cavity; (4) LA: the left atrium blood cavity; (5) RA: the right atrium blood cavity; (6) Aorta: the ascending aorta; (7) PA: the pulmonary artery. Fine segmentation of the heart substructure is the key to accurate quantification of the heart. For example, the ejection fraction can be calculated from the segmented ventricular results, and the myocardial mass can be calculated from the segmented myocardial results, which are key indicators of cardiac disease detection. But due to the inherent noise, the delineations of each anatomical substructure of the heart are closely linked, deformation of the patient's heart structure and poor image resolution, automatic whole heart segmentation is still a challenging task. Most of the current studies only consider segmentations of one or two substructures of the heart (for example, Myocardial Segmentation [2] , [3] or the left ventricle [4] - [6] ), and few studies focus on a whole-heart subdivision segmentation, which still relies on time-consuming and labor-intensive manual segmentation (it takes 6 to 10 hours to manually segment a set of heart data [7] ). Therefore, it is imperative to develop computer-aided techniques to analyze medical images automatically.
In this study, we used a deep convolutional network for the whole-heart subdivision segmentation and achieved satisfying results on the MM-WHS (Multi-Modality Whole Heart Segmentation) Challenge 2017 datasets. The remaining sections of this paper are organized as follows: the main segmenting techniques used for whole heart segmentations are introduced in Section 2. The proposed two-stage U-net segmentation approach, adaptive threshold window and the improved weight map calculation method are described in Section 3, followed by the experimental results and a discussion in Section 4. In Section 5, we present the conclusions of the work.
II. RELATED WORK
A variety of computerized methods have been proposed to segment the whole heart. A quantitative comparison of different algorithms can be found in [8] . Recently, new methods that focus on whole heart segmentation have been developed [9] , [10] . These methods are roughly classifiable into traditional segmentation methods (registration-based, model-based approaches) and convolutional neural network segmentation methods.
Traditional segmentation methods usually have high precision. For example, Zhuang et al. [7] adopted a new label fusion algorithm based on multimodality atlases from MRIs and CTs and achieved a 0.899 Dice score. Heinrich and Oster [11] , using a discrete nonlinear registration and fast nonlocal fusion method, obtained a Dice accuracy of 86.0% (average of each substructure: LV, Myo, RV, LA, RA, aorta, PA) and 87.0% for the whole heart on an MRI test dataset, which ranked first in the MICCAI 2017 Challenge. These registration-based or model-based approach heart segmentation methods generally achieve ideal segmentation results, but the algorithms are not robust and often produce unsatisfactory segmentation results when the data quality is poor. For example, the registration-based heart segmentation algorithm proposed by Galisot et al. [12] obtained good results in segmenting the other six substructures of the heart, but because of some missing tags in the dataset, there was a large error in segmenting the pulmonary artery that affected the entire set of segmentation results.
Today, deep convolutional networks have achieved outstanding performance in many image segmentation tasks [13] , [14] , [15] and are heavily applied in the field of medical image analysis [16] - [18] . For example, Dou et al. [19] proposed a 3D deeply supervised network for automated segmentation of the liver and the whole heart. Though convolutional neural networks have performed well in the field of computer vision, they require a large amount of annotated data, which limits their applicability for medical data segmentation, as medical image data usually lacks annotated training samples. Therefore, effective use of limited annotation data for network model training is a problem, and it needs to be addressed. The U-Net model, which was proposed by Ronneberger et al. [20] , successfully solved the problem of inadequate medical image training labels. The U-Net architecture consists of a contraction path and an expanding path, which maximizes the use of annotated data so the network can train a better network model with fewer images. Subsequently, the U-Net and improved versions of the U-Net are widely used in various medical image processing applications, such as retina blood vessel segmentation [21] - [23] , brain tumor detection and segmentation [24] , and especially heart segmentation [25] , as heart segmentations combines U-Net with shape context information.
In addition, 3D U-Net [26] , an improvement of 2D U-Net, is also being applied to whole heart segmentation tasks [27] . To obtain more spatial structure information from the data, 3D U-Net needs to use 3D data as input. However, because of limited GPU memory, it is necessary to perform downsampled or block training during network training, which ultimately leads to insufficiently accurate segmentation results and causes the calculation amounts to increase exponentially.
In this study, a training strategy that relies on a two-stage U-Net framework, and the adaptive threshold window is proposed to automatically segment the whole heart substructures. The main contributions of this study consist of the following: (1) The two-stage U-Net framework includes whole heart segmentation that detects the ROI and segments heart substructures. (2) To a large extent, the adaptive threshold window method can remove the noisy parts of the data without losing heart information, which makes it a simple but particularly effective method. (3) The weight loss calculation method of [20] is improved and regions are preserved between the substructures of the heart. By adding weights between the regions, which are to be segmented, and the background, the problem of unwanted contact between the various substructures of the heart is also solved.
III. METHODOLOGY
In this study, we extended the U-Net framework, so that it retains the original advantages while obtaining refined heart segmentation results. To maximize noise cancellation, an adaptive threshold window is used to decrease the input images during each network training session. In addition, the weight map has been modified to make network training more suitable for heart segmentation tasks. Fig. 1 illustrates the two-stage U-Net framework.
A. TWO-STAGE U-NET FRAMEWORK
It is difficult to segment the heart data directly, because the heart data needs to be divided into eight categories (the background and the seven substructures of the heart: LV, Myo, RV, LA, RA, aorta, PA). To simplify the problem and reduce the complexity, we propose the two-stage U-Net framework, which consists of a whole heart segmentation (the first-stage) and a heart substructures segmentation (the second-stage). Each stage includes two classification problems.
The main purpose of the first-stage is to extract the ROI from the data volume. In the original data, there are other tissues such as lungs, ribs, and trachea in addition to the heart region tissues. Segmenting the whole heart directly from the original data usually results in dissatisfactory performance.
Therefore, it is necessary to extract the ROI from the original data and remove the tissue surrounding the heart, so the ROI extraction is formulated as a binomial classification problem according to this formula:
where d (x,y) represents the voxels in each slice in the training datasets. For all the voxels d (x,y) , supposing that d (x,y) is a background voxel, let label value l (x,y) = 0. If d (x,y) is one of the whole heart substructures, let label value l (x,y) = 1. Then, the binarized label is used as one of the inputs to the firststage U-Net framework, and the ROI is also obtained as one of the inputs to the second-stage. The main task of the second-stage U-Net framework is to segment the various substructures of the whole heart. The corresponding ROI from the original data in the firststage is taken as input for the second-stage, each substructure segmentation of the heart is also a two-class classification problem, and the label of the heart substructure segmentation is obtained according to the formula:
supposing that d (x,y) is the current segmented heart substructure voxel, let label value l (x,y) = 1; otherwise, let label value l (x,y) = 0, where s m is the current to-be-divided region, and S m is the part of the heart structure after s m is removed.
B. ADAPTIVE THRESHOLD WINDOW
Threshold segmentation is a basic operation of image processing. Voxels of different tissues in medical images often appear as different intensity values, the threshold can directly remove the uninteresting parts and reduce noise interference. This operation is necessary and effective. The selection of the threshold value is a crucial step. If the threshold range is too small, the region of interest will be affected, leading to low accuracy of the experimental results. In contrast, if the threshold range is too large, noise reduction will not be achieved. Usually, the threshold range is determined through experience. Wang and Smedby [25] mapped the lower 5% of the histogram of each subject's image to 0 and the upper 5% of the histogram to 1. Galisot et al. [12] directly used [−800, 800] as the threshold interval. In addition, Wang et al. [32] , [33] proposed a flexible threshold 83630 VOLUME 7, 2019 FIGURE 2. Adaptive threshold window. On the left is the maximum pixel value of the seven substructures of the heart (singular values at the right atrium and pulmonary artery). On the right is the minimum pixel value of the seven substructures of the heart (singular values at the myocardium of the left ventricle, right ventricle and left atrium).
selection method based on the slope difference distribution of the image histogram, which can be applied to the left ventricle MR image. We carefully observed the data and labels and found that, through the label, the corresponding voxels in the original data can be collected into a set A, and the cutting threshold can be set to [min (A) , max(A)]. Therefore, we propose a threshold segmentation method for cardiac segmentation. The threshold pairs, by this method, ensure the pixel points of the region of interest are not excluded, and the noisy portion is preserved to a large extent. Calculations of the threshold interval are applied to the two-stage U-Net framework. For each network training session, the appropriate threshold interval is used for data preprocessing.
It should be noted that there are singular points in the data. It is unadvisable to ignore the singular points, which usual leads to inaccuracy of the final threshold values. Therefore, a box plot of the data is used and the abnormal values can be found according to the (3) , as shown at the bottom of this page, where Q 1 is the lower quartile, Q 3 is the upper quartile and IQR = Q 3 − Q 1 .
C. WEIGHT MAP
The heart, its surrounding tissues, and the substructures are close to each other, so distinguishing between them is a challenging task for heart segmentation. Usually, in the process of network training, the weight map is used as one input to help separate the structures.
However, by only adding weights between the various substructures of the heart, the segmentation results will not be ideal. Therefore, we modified the weight calculation method proposed by Ronneberger et al. [20] by adding the to-be-divided region to the weight map and setting different weights between heart, background and the area to be divided. The calculated formula is given in (4) , as shown at the bottom of this page. where d 1 and d 2 represent the first close distance and the second close distance to the border of the heart boundary, w c is the weight map balancing the class frequencies d 1 and d 2 , respectively, x is the original label, and x is the label of the binarized (to-be-divided) region and the rest. If the to-be-divided region label l is not in the current image x, then we only calculate the weight between the individual substructures of the heart. However, it is necessary to calculate the weights between the individual substructures of the heart and the boundary weights of the parts to be cut. In addition, we set w 0 = 10 and σ ≈ 5. The new weight map calculation process with the to-be-divided region can be described as: 1) Calculate the distance (Fig. 3d ) from each point in the image of the boundary of the heart tissue according to the segmentation mask (Fig. 3c) , and superimpose it on the original label (Fig. 3b) to obtain a weight map between the substructures of the heart (( Fig. 3e)) .
2) Binarize the to-be-divided region (Fig. 3f) , and calculate the distance from each point in the image of the boundary of the to-be-divided region (Fig. 3g ).
VOLUME 7, 2019 , hand-labeled heart, different colors represent different heart substructures; (c) generated segmentation mask (yellow for the foreground and purple for the background); (d) distance to the border of heart; (e) weight map highlighting the spacing between the substructures of the heart;(f) heart substructure, the right ventricle;(g) distance to the border of the right ventricle; (h) weight map: the right ventricle border is highlighted, and the substructures of the heart are highlighted; (i) the right ventricular weight map for a 3D display.
3) Add together the weight map between the to-be-divided region and each substructure of the heart to obtain a final weight map (Fig. 3h) .
The 3D display of the right ventricular weight map is shown in Fig. 3i ; it shows that there are boundaries between the various substructures of the heart, and the right ventricle border is highlighted.
In short, the algorithm framework flow proposed to this study is shown in Fig. 4 . The whole algorithm framework is divided into two stages. In the first stage, the raw data is threshold cut, and then U-Net is used to segment the whole heart. The results obtained in the first phase are used as inputs to the second phase. In the second stage, and it is necessary to finely segment the seven substructures of the heart (LV, Myo, RV, LA, RA, aorta, PA). The segmentation of each substructure consists of the following three steps: (1) The weight map of the heart substructure to be segmented is calculated, (2) The image of the heart substructure to be segmented is cut by the threshold, (3) The weight map and the threshold cut image are used as input of U-Net, and the corresponding cardiac substructure is segmented through network structure. The above steps were repeated seven times to separate different cardiac substructures.
IV. EXPERIMENTAL RESULTS
Experiments were performed on 20 datasets from the MM-WHS Challenge 2017 with a resolution in the axial direction of 0.78 × 0.78 mm using the proposed training strategy. The datasets were collected in vivo clinical environments withvarious image qualities, so using some extremely poor quality data will ensure the robustness of the proposed approach.
A. IMPLEMENTATION DETAIL
Before training each network, the adaptive threshold window is used to obtain the region of interest of the original data. The threshold range of the first-stage is [−1024, 1354] . The threshold window of the seven substructures of the heart are drawn in the box plot (Fig. 2) . By removing the singular points, and getting the threshold range for the second stage, the maximum pixel value of the seven substructures are set as [905, 808, 623, 881, 698, FIGURE 4. Flow chart of the proposed algorithm. The whole algorithm framework is divided into two steps. In the first step, the raw data is threshold cut, and then U-Net is used to segment the whole heart. In the second step, the segmentation of each substructure consists of the following three steps: (1) The weight map of the heart substructure to be segmented is calculated, (2) The image of the heart substructure to be segmented is cut by the threshold, (3) The weight map and the threshold cut image are used as input of U-Net, and the corresponding cardiac substructure is segmented through network structure. The training strategy was implemented using NiftyNet [28] , which is an open source convolutional neural network platform for medical image analysis and imageguided therapy [29] . With NiftyNet we can quickly build solutions that fit our problems. Two experiments were carried out in out study. In the first set of experiments, 20 sets of labeled CT data in the MM-WHS Challenge dataset were used for experimental verification. The evaluation was done using a five-fold cross-validation, in each fold 16 cases for training and 4 cases for testing. The number of iterations per step is 60,000, which means the experiment takes approximately 12 hours on a NIVIDIA GeForce GTX 1080 Ti (11 GB) . The segmentation results of our method are shown in Table 1 . In order to be more effective in the second set of experiments, the first 4 sets of data were used as the testing set, and the last 16 sets of data were used as the training set in VOLUME 7, 2019 the second experiment, Table 2 compares the scores of our methods and state-of-the art segmentation methods on the MM-WHS Challenge dataset.
An elastic deformation and flipping method is used for data augmentation, which allows us to make the most of the limited experimental data, increase the diversity of the datasets and verify the robustness of the actual clinical usage of the algorithm. By using the NiftyNet platform, data can be quickly flipped and elastically deformed through the parameter. settings, thereby enhancing the data. In the network training process, we set the random flip axis to 0,1. The number of control points for the elastic deformation is 50, the standard deviation for the elastic deformation is 6, and the fraction of samples to deform elastically is 0.9.
We used the same data partitioning method and evaluation criteria (Dice score) to compare the proposed method with the state-of-the art segmentation methods on the MM-WHS Challenge dataset. Table 2 shows the Dice scores of different methods in segmenting the various substructures of the heart. We selected U-Net [20] and SegNet [31] for comparative experiments. Our method has high precision and can be accurately centered.
B. QUANTITATIVE AND QUALITATIVE ANALYSIS
The Dice similarity coefficient (DSC) [30] is used to measure the accuracy of the automatic whole heart segmentation method. The calculation is:
where F Auto is our automatic segmentation result and F Manual is the provided manual label. The whole heart segmentation divides the heart into seven substructures: (1) LV: the left ventricle blood cavity; (2) Myo: the myocardium of the left ventricle; (3) RV: the right ventricle blood cavity; (4) LA: the left atrium blood cavity; (5) RA: the right atrium blood cavity; (6) Aorta: the ascending aorta; (7) PA: the pulmonary artery.
The segmentation results are shown in Table 1 . It can be seen from Table 1 that the algorithm proposed in this study shows a large difference in the segmentation effects for different heart substructures. For example, the DSC score of the ascending artery reaches 0.955, which exceeds the DSC scores of the state-of-the-art whole heart segmentation algorithms. However, the DSC score for the right atrium is only 0.675, and the segmentation result is unsatisfactory and needs to be improved.
The reason for this result is that the slices from the network training are all intercepted along the Axial plane. As shown in Fig. 5a , some slices along the Axial plane have a large number of heart tissue structures, such as the right atrium, the right ventricle and so on. Too many organizational structures make it easy for errors to enter into the network training, which affects the segmentation accuracy. However, the slice near the main ascending artery has a simple structure, and the network can easily segment it (Fig. 5c) . Thus, in future work, we will train the network in multiple directions (Sagittal, Axial, Coronal) and then combine the segmentation results in all directions, which may obtain better results.
V. CONCLUSION
In this study, we present a 2D image segmentation strategy that relies on a two-stage U-Net framework to segment the whole heart and its substructures. The adaptive threshold window method is used to minimize noise, and the weight map is improved to force the network to learn the boundary sections of the heart structure.
The experimental results demonstrate that the preprocessing step for the original data is effective in building the training dataset for the classification system, which will bring fresh ideas into heart segmentation processes. In the future, we will use multiple direction slices for the segmentation network training to compensate for the 2D slice's lack of space structure information. 
